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( 57 ) ABSTRACT 

Insertion of supplemental content into a virtual environment 
is automated using a machine learning model . The machine 
learning model is trained to calculate a confidence value that 
a candidate virtual object fits into a virtual environment 
based on an input that includes a candidate virtual object , a 
list of persistent virtual objects , and a list of temporary 
virtual objects . The machine learning model is trained using 
the persistent and temporary objects displayed in the current 
virtual environment until it predicts that a selected virtual 
object fits into the current virtual environment . The trained 
machine learning model is then used to select a virtual object 
comprising supplemental content to be inserted as a new 
virtual object in the virtual environment . 
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SYSTEMS AND METHODS FOR model is then used to determine whether the candidate 
AUTOMATED INSERTION OF object fits into the current virtual environment with sufficient 

SUPPLEMENTAL CONTENT INTO A confidence . If so , the candidate object is inserted . not , 
VIRTUAL ENVIRONMENT USING A other candidate objects may be considered , or the system 
MACHINE LEARNING MODEL 5 may wait for additional objects to be identified and refine the 

machine learning model . 
BACKGROUND To identify the plurality of persistent virtual objects and 

the plurality of temporary virtual objects , all virtual objects 
This disclosure is directed to automated insertion of in a first virtual environment frame may be identified as 

supplemental content into a virtual environment . In particu- 10 persistent virtual objects . The list of persistent virtual objects 
lar , techniques are disclosed for utilizing a machine learning is then compared with all virtual objects in a subsequent 
model for deciding which supplemental content items to frame of the plurality of consecutive virtual environment 
insert into a particular virtual environment . frames . If an object identified as a persistent object is not 

displayed in the particular virtual environment frame , that 
SUMMARY 15 object is reidentified as a temporary object . If an object 

displayed in the particular virtual environment frame is not 
Virtual environment systems , including virtual reality and included in the list of persistent virtual objects , the object is 

augmented reality systems , process and display virtual identified as a temporary virtual object . 
objects according to parameters set within the virtual envi- A virtual environment frame may comprise all virtual 
ronment . These virtual objects are often predefined objects , 20 objects in a field of view on a display on which the virtual 
or one of a small group of objects that can be displayed at environment is generated . The field of view may be defined 
a particular location within the virtual environment . In one as a portion of a circle around a current point of view in the 
approach , if insertion of supplemental content is desired , virtual environment . For example , the field of view may be 
only a predefined object may be placed in a location in the narrow ( such as 30 degrees ) , full ( such as 180 degrees ) , or 
virtual environment that is explicitly marked as suitable for 25 wide ( greater than 180 degrees ) such that the defined field of 
the display of that type of supplemental content . For view includes virtual objects that are not currently visible to 
example , a virtual environment may include a blank sign a user of the virtual environment . For example , the virtual 
post placed in a specific location within the virtual environ- environment may include a road , and the field of view may 
ment and explicitly marked as a surface on which supple- be wide enough to include a vehicle driving on the road 
mental content can be displayed . Then , when insertion of 30 behind the user . A weight may be assigned to each virtual 
supplemental content is desired , it is displayed at the loca- object , and objects that are visible to the user may be given 
tion of the blank sign . In another approach , systems may more weight than objects that are not visible to the user , 
allow for the insertion of supplemental content in the form despite being in the defined field of view . Each virtual 
of a new virtual object , but the inclusion of the new virtual object , both persistent and temporary , may comprise object 
object may be incongruous with , or seem out of place in , the 35 attributes or other metadata that describe the respective 
current virtual environment . virtual object . When retrieving a candidate object for inser 

Systems and methods are described herein for automated tion into the virtual environment , a database of supplemental 
insertion of supplemental content into a virtual environment content items may be accessed . Each of the supplemental 
using a machine learning model . Using a machine learning content items in the database may have content attributes or 
model allows highly accurate predictions of suitable virtual 40 other metadata that describe the supplemental content . A 
objects that can be added to the virtual environment . A plurality of attributes of each persistent virtual object and 
machine learning model can be trained to make such pre- each temporary virtual object are identified , and it is deter 
dictions by observing the temporary virtual objects that mined whether at least one content attribute of a supple 
appear in the virtual environment in the context of the mental content item matches at least one of the identified 
persistent virtual objects that define the overall virtual 45 object attributes . If so , the supplemental content item is 
environment . The trained machine learning model can then selected as a candidate object for insertion . 
accurately predict if a new virtual object is suitable for To keep the machine learning model up - to - date as the 
insertion into the virtual environment . In other words , virtual environment changes , a list of virtual objects dis 
known data can be leveraged , via the machine learning played from a first time to a current time may be maintained . 
model , to predict the suitability of new data . 50 Maintaining an up - to - date listing of both temporary and 
A first plurality of persistent virtual objects displayed in a persistent virtual objects for use as input into the machine 

plurality of consecutive virtual environment frames are learning model helps to ensure that the machine learning 
identified , as well as a second plurality of temporary virtual model accurately predicts the suitability of a given virtual 
objects displayed in some , but not all , of the plurality of object for insertion into the virtual environment . This list 
consecutive virtual environment frames . A first virtual object 55 may be used as an input data set against which a candidate 
is selected from the plurality of consecutive virtual envi- object is compared . When retrieving a candidate object from 
ronment frames . A machine learning model is then trained to the supplemental content database , content attributes of each 
calculate a confidence value that a candidate virtual object supplemental content item may be compared against the 
fits into a virtual environment based on an input that includes object attributes of only those virtual objects that have been 
a candidate virtual object , a list of persistent virtual objects , 60 displayed between the first time and the current time . For 
and a list of temporary virtual objects . The machine learning example , the system may maintain a list of all virtual objects 
model is trained using the identified persistent and tempo- displayed in the past ten minutes , even if the virtual envi 
rary objects until it predicts that the selected first virtual ronment has been continuously displayed for a longer period 
object fits into the current virtual environment . of time . 
Once the machine learning model is trained , a candidate 65 Retrieving a candidate object may also be achieved by 

object comprising supplemental content is retrieved for identifying a plurality of available virtual objects , such as 
insertion into the virtual environment . The machine learning from a library of virtual objects related to the current virtual 
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environment . A time at which each available virtual object ronment frame represents a field of view on a display device 
was last displayed can be determined , and a weight assigned on which the virtual environment is generated . For example , 
to each available virtual object based on the amount of time a virtual environment frame may be a representation of a 
that has passed between the time the virtual object was last 360 - degree environment . Each virtual environment frame 
displayed and the current time . For example , if a particular 5 includes a number of virtual objects . Each virtual environ 
virtual object was displayed recently , such as in the last one ment frame may include visual information , and / or vector 
minute , it may be assigned a higher weight than a virtual information describing the movement of various virtual 
object that was last displayed several minutes ago . The objects depicted in the virtual environment . The virtual 
candidate object having at least one content attribute match environment described by the virtual environment frames 
ing the virtual object having the highest weight is then 10 may be a fully artificial environment , such as a video game 
selected . or other immersive content . For example , a head - mounted 

three - dimensional display unit may be used to display the 
BRIEF DESCRIPTION OF THE DRAWINGS virtual environment to a user . The display unit or other 

physically or wirelessly connected sensors or other compo 
The above and other objects and advantages of the 15 nents may track movements of the user , and those move 

disclosure will be apparent upon consideration of the fol- ments are used to drive generation of the virtual environ 
lowing detailed description , taken in conjunction with the ment on the display unit . For example , an accelerometer unit 
accompanying drawings , in which like reference characters may track the movement of the user's head , which in turn 
refer to like parts throughout , and in which : causes the display unit to shift display of the virtual envi 
FIG . 1 shows several illustrative virtual environment 20 ronment in the direction of the movement such that if the 

frames , persistent and temporary virtual objects displayed in user's head turns to the right , virtual objects placed to the 
those frames , and a training data set for training a machine right of the user's position within the virtual environment 
learning lel , in accordance with some embodiments of are brought into the user's field of view . The virtual envi 
the disclosure ; ronment may also be an augmented reality environment , 
FIG . 2 is a block diagram representing training of a 25 which tracks the real - world surroundings of a user and 

machine learning model and use of the machine learning overlays virtual objects onto those surroundings . For 
model to determine whether a candidate object fits in a example , one or more cameras or other imaging sensors may 
virtual environment , in accordance with some embodiments be integrated into , or physically or wirelessly connected to , 
of the disclosure ; a display unit to gather visual information representing a 
FIG . 3 shows an illustrative set of virtual object attributes 30 user's surroundings . 

for both persistent and temporary virtual objects identified in Some virtual objects are persistent , meaning that they 
FIG . 1 , in accordance with some embodiments of the appear in multiple consecutive virtual environment frames . 
disclosure ; Persistent virtual objects ( e.g. , objects that appear in all 
FIG . 4 represents an illustrative machine learning model virtual environment frames over a period of time , such as 

that takes as input a candidate object , a set of persistent 35 one minute or one hour ) may be objects used to depict a 
objects and a set of temporary objects and returns a confi- particular setting or location . For example , if the virtual 
dence level that the candidate object fits in a virtual envi- environment is meant to be located on a beach , persistent 
ronment comprising the set of persistent objects and the set virtual objects may include an ocean , sand , palm trees , and 
of temporary objects , in accordance with some embodiments other objects that may always be visible in such a location . 
of the disclosure ; 40 Other virtual objects are temporary , meaning that they 
FIG . 5 is a block diagram representing components and appear in some , but not all , virtual environment frames . 

data flow therebetween of a virtual environment display Continuing the above example , temporary objects may 
device that employs a machine learning model , in accor- include boats in the ocean , beach chairs , towels , or other 
dance with some embodiments of the disclosure ; virtual objects that may appear on a beach but are not always 
FIG . 6 is a flowchart representing a process for inserting 45 present . 

a supplemental content item into a virtual environment using In the example of FIG . 1 , the virtual environment is a 
a machine learning model , in accordance with some embodi- country road . Based on virtual environment frames 100 , 
ments of the disclosure ; 102 , 104 , and 106 , several virtual objects can be identified 
FIG . 7 is a flowchart representing a process for identifying as persistent virtual objects , and others can be identified as 

persistent virtual objects and temporary virtual objects , in 50 temporary virtual objects . Sun 108 , for example , appears in 
accordance with some embodiments of the disclosure ; all four virtual environment frames , and is thus considered 
FIG . 8 is a flowchart representing a first process for a persistent object . Similarly , clouds 110 also appear in every 

selecting a supplemental content item as a candidate for virtual environment frame . While not necessarily the exact 
insertion into a virtual environment , in accordance with same cloud objects , the inclusion of at least one cloud object 
some embodiments of the disclosure ; and 55 in each virtual environment frame may be sufficient to 
FIG . 9 is a flowchart representing a second process for identify clouds 110 as a persistent virtual object . Road 112 

selecting a supplemental content item as a candidate for also appears in each virtual environment frame and is 
insertion into a virtual environment , in accordance with therefore a persistent virtual object . Tree 114 , car 116 , stop 
some embodiments of the disclosure . sign 118 , billboard 120 , rain 122 , and truck 124 each appear 

60 in less than all of virtual environment frames 100 , 102 , 104 , 
DETAILED DESCRIPTION and 106. These objects are therefore identified as temporary 

virtual objects . 
FIG . 1 shows several illustrative virtual environment The identified persistent objects may be tracked in a 

frames 100 , 102 , 104 , and 106. While depicted in two persistent object list 126. Similarly , the identified temporary 
dimensions , it is noted that the virtual environment repre- 65 objects may be tracked in a temporary object list 128 . 
sented by virtual environment frames 100 , 102 , 104 , and 106 Persistent object list 126 and temporary object list 128 may 
can be a three - dimensional environment . Each virtual envi- be used to create training data set 130 for use in training a 
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machine learning model to predict a level of confidence that 302 describe various attributes of sun 108. For example , sun 
a given candidate virtual object fits into a virtual environ- 108 is of type " persistent , ” meaning it is a persistent object . 
ment given a set of persistent virtual objects displayed in the Sun 108 is of class “ natural , ” indicating that the virtual 
virtual environment and a set of temporary virtual objects object represents an object that occurs in nature , and is of 
displayed in the virtual environment . For example , each 5 family “ sky , ” further refining the class of objects that occur 
temporary object from temporary object list 128 may be in nature represented by sun 108 to those objects that appear 
used as a training candidate object , persistent object list 126 in the natural sky . Genus and species attributes further define 
may be used as the set of persistent virtual objects , and the sun 108 as a “ star ” and a “ local sun , ” respectively . Cloud 
remaining objects from temporary object list 128 may be 110 , representing an object that occurs naturally in the sky , 
used as the set of temporary virtual objects . The machine 10 has similar attributes 304 and is also of type “ persistent , " 
learning model is then trained with a target of returning a class “ natural , ” and family “ sky . ” Cloud 110 is further 
confidence prediction for each candidate object to be near defined to be of genus " weather , " and species " cloud . ” Road 
100 % . Training can be repeated until further training fails to 112 , having attributes 306 , is also of type “ persistent , ” but is 
improve the confidence prediction . The machine learning of class “ artificial ” as it represents a man - made structure . 
model may be a regression model , a gradient descent model , 15 Road 112 is of family “ surface , ” indicating that it is an object 
a gradient boost model , a random forest model , a recurrent that can only be laid onto another object . In this case , road 
neural network model , a discriminative neural network 112 can only be laid onto the ground . Road 112 is of genus 
model , or any other suitable machine learning model . “ street ” and species " country road . ” These attributes may be 
FIG . 2 is a block diagram representing training of a used during display of the virtual environment to determine 

machine learning model and use of the machine learning 20 the types of vehicles to display on road 112 or display of 
model to determine whether a candidate object fits in a other related virtual objects . Road 112 also has an additional 
virtual environment , in accordance with some embodiments attribute “ texture ” which is defined as “ pavement . ” This 
of the disclosure . Training data set 130 is fed into untrained attribute may be used during display of the virtual environ 
machine learning model 200. For example , the machine ment to render road 112 using a particular texture swatch or 
learning model may be a gradient boosted decision tree for 25 color scheme . It may also be used to determine whether 
classification , although one of skill in the relevant art will certain types of road markings can be displayed on road 112 . 
appreciate that other machine learning models may be used For example , painted lines can be displayed on a paved road , 
( e.g. , other boosting techniques , logistic regression , artificial but not on a dirt or gravel road . 
neural networks , nearest neighbors , support vector machine , Temporary object attributes list 308 represents the attri 
etc. ) . Such model may learn and make decisions driven by 30 butes of each virtual object included in temporary objects 
data , without being explicitly programmed . In the gradient list 128. Car 116 has object attributes 310 , defining car 116 
boosted decision tree for classification , an output value for as being of type " temporary , " meaning it is a temporary 
one new weak learner ( e.g. , decision tree ) may be added one object , class " artificial , ” family “ ve e , " genus " private 
at a time to the existing decision trees ( e.g. , stagewise vehicle ” and species “ sedan . ” Stop sign 118 , billboard 120 , 
additive modeling ) , to minimize loss of the model . In 35 truck 124 , tree 114 , and rain 122 are similarly defined by 
addition , a commonly used value of 0.1 for the learning rate object attributes 312 , 314 , 316 , 318 , and 320 , respectively . 
( e.g. , a parameter used to minimize loss of the model ) is Each object attribute is used to train the machine learning 
selected , although other values for the learning rate coeffi- model to predict the types of objects that fit in a virtual 
cient are possible . Various constraints may be set for the environment . Candidate objects also have similar attributes 
decision trees ( e.g. , maximum number of leaf nodes , number 40 associated with them , and the machine learning model , once 
of trees to be constructed , etc. ) . A leaf node may be a node trained , uses those attributes to determine whether the can 
in the decision tree in which arrows point to the leaf node , didate object will fit into the virtual environment . 
but no additional arrows point away from such node . This FIG . 4 represents an illustrative machine learning model 
results in trained machine learning model 202. Candidate that takes as input a candidate object , a set of persistent 
object 204 is then fed into trained machine learning model 45 objects and a set of temporary objects and returns a confi 
202 , along with persistent object list 126 and temporary dence level that the candidate object fits in a virtual envi 
object list 128. Trained machine learning model 202 uses ronment comprising the set of persistent objects and the set 
attributes of candidate object 204 and attributes of the virtual of temporary objects , in accordance with some embodiments 
objects included in persistent object list 126 and temporary of the disclosure . To determine a confidence level that a 
object list 128 to determine if candidate object 204 fits into 50 particular candidate object fits in a virtual environment , the 
the virtual environment . Trained machine learning model machine learning model takes as input candidate object 400 , 
202 outputs confidence level 206 that candidate object 204 persistent objects list 300 , and temporary objects list 308 . 
fits into the virtual environment . Confidence level 206 may Attributes of the candidate object , each persistent object , and 
be expressed as a percentage ( i.e. , an integer between 0 and each temporary object are fed into input layer 402. In some 
100 ) or an equivalent decimal representation ( i.e. , a number 55 embodiments , a word embedding model , such as Word2Vec , 
between 0 and 1 ) . A high confidence level indicates that is applied to the attributes to generate corresponding vectors 
candidate object 204 fits into the virtual environment and for input into the machine learning model . Input layer 402 
can thus be inserted into the virtual environment at a suitable includes nodes 402a - 402f corresponding to different attri 
location . butes of each object . For example , node 402a corresponds to 
FIG . 3 shows an illustrative set of virtual object attributes 60 the “ type ” attribute , node 402b corresponds to the “ class ” 

for both persistent and temporary virtual objects identified in attribute , and so on . The input attributes are processed 
FIG . 1 , in accordance with some embodiments of the through one or more hidden layers of the machine learning 
disclosure . Virtual object attributes list 300 represents the model . In the example of FIG . 4 , two hidden layers 404 and 
attributes of each virtual object included in persistent object 406 are included in the machine learning model , though any 
list 126. Referring to the example of FIG . 1 , sun 108 is a 65 number of hidden layers may be used . Output layer 408 
persistent virtual object among consecutive virtual environ- includes ten nodes 408a - 408j , one for each of ten ranges of 
ment frames 100 , 102 , 104 , and 106. Virtual object attributes confidence that the candidate object fits into the virtual 
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environment that includes the input persistent objects and 520 as the entirety of virtual objects displayed in the virtual 
temporary objects . The machine learning model may calcu- environment . Machine learning model 520 is then trained 
late a confidence value , such as 0.63 , resulting in a single until the calculated confidence that each identified tempo 
corresponding output node , such as node 408g , being acti rary object , when input as a candidate object , reaches 100 % , 
vated . or a further training fails to improve the confidence level of 
FIG . 5 is a block diagram representing components and each candidate object . 

data flow therebetween of a virtual environment display The identified temporary virtual objects and persistent device 500 that employs a machine learning model , in virtual objects are used as a training set for machine learning 
accordance with some embodiments of the disclosure . Vir model 520. Such a training set is used to build the machine tual environment display device 500 receives 502 virtual 10 learning model . As a non - limiting example , machine learn environment data , such as a media stream comprising three ing model 520 may be a gradient boost model , although one dimensional media or a set of virtual objects and associated 
display parameters . The virtual environment data is pro of skill in the relevant art will appreciate that other machine 
cessed by control circuitry 504 using virtual environment learning models may be used ( e.g. , other boosting tech 
generation circuitry 506. Control circuitry 504 may be based 15 niques , logistic regression , artificial neural networks , nearest 
on any suitable processing circuitry . As referred to herein , neighbors , support vector machine , etc. ) . Such a model may 
processing circuitry should be understood to mean circuitry learn and make decisions driven by data , without being 
based on one or more microprocessors , microcontrollers , explicitly programmed . In the gradient boosted decision tree 
digital signal processors , programmable logic devices , field- for classification , an output value for one new weak learner 
programmable gate arrays ( FPGAs ) , application - specific 20 ( e.g. , decision tree ) may be added one at a time to the 
integrated circuits ( ASICs ) , etc. , and may include a multi- existing decision trees ( e.g. , stagewise additive modeling ) , 
core processor ( e.g. , dual - core , quad - core , hexa - core , or any to minimize loss of the model . For example , while a small 
suitable number of cores ) or supercomputer . In some number of decision trees are weak learners in the gradient 
embodiments , processing circuitry may be distributed across boosting model , many more decision trees may be used in 
multiple separate processors or processing units , for 25 the training process ( e.g. , potentially thousands of decision 
example , multiple of the same type of processing units ( e.g. , trees , where each tree contributes a particular weight of the 
two Intel Core i7 processors ) or multiple different processors predicted value ) . In addition , a commonly used value of 0.1 
( e.g. , an Intel Core i5 processor and an Intel Core i7 is used for the learning rate ( e.g. , a parameter used to processor ) . Virtual environment generation circuitry 506 minimize loss of the model ) is selected , although other 
processes the virtual environment data to generate virtual 30 values for the learning rate coefficient are possible . Various environment frames that visually represent the virtual envi constraints may be set for the decision tress ( e.g. , maximum ronment described by the virtual environment data . Virtual number of leaf nodes , number of trees to be constructed , environment generation circuitry 506 then transmits 508 the etc. ) . A leaf node may be a node in the decision tree in which virtual environment frames to output circuitry 510. Output arrows point to the leaf node , but no additional arrows point circuitry 510 may comprise any suitable circuitry for driving 35 away from such node . a display based on a display signal . Output circuitry 510 Control circuitry 504 or machine learning model 520 may transmits 512 the display signal to a display device . construct a decision tree using a first parameter ( e.g. , family During display of the virtual environment , virtual envi similarity > 0.8 ) and a second parameter ( e.g. , class differ ronment generation circuitry transmits 514 virtual environ ence < 0.4 ) for the training data . In constructing the model , ment data to virtual object identification circuitry 516. 40 an initial prediction is made , and such initial prediction may Virtual object identification circuitry 516 identifies , from be based on a logarithm of the odds computed for an initial within the virtual environment data , virtual objects dis leaf based on the training data , e.g. , using the following played in each virtual environment frame . Virtual object formula : identification circuitry 516 may extract from the virtual 
environment data metadata describing each virtual object , 45 
which may include object attributes such as those described 2 match decisions in the training set ( Eq.1 ) 
above in connection with FIG . 3. Virtual object identifica log ( 
tion circuitry 516 may store and maintain a list of persistent 
virtual objects and associated attributes , and a list of tem 
porary virtual objects and associated attributes . The virtual 50 Based on such log ( odds ) value , the control circuitry 
object attributes associated with each virtual object may be utilizes a logistic function to obtain a probability ( e.g. , 0.5 as 
dynamically identified by virtual object identification cir- an initial prediction ) . Based on such initial prediction , 
cuitry 516 , for example , using image processing and object residual values are computed for each training example , 
recognition techniques as are known in the art , or may be where the Residual value is equal to the difference of the 
extracted from metadata or other information contained in 55 Observed Probability and the initial prediction ) . For 
the virtual environment data . example , residual value R , for a first training example may 

Virtual object identification circuitry 516 transmits 518 be 0.5 ( e.g. , 1-0.5 , where 1 represents that a match was 
the list of persistent virtual objects and the list of temporary observed in the labeling of the training example , and 0.5 is 
virtual objects identified by virtual object identification the initial prediction ) . 
circuitry 516 to machine learning model 520. Machine 60 Residual values R1 , R2 , R3 , R4 are calculated for each 
learning model 520 is trained , using the identified persistent training example , and the decision tree is built based on the 
virtual objects and temporary virtual objects , to calculate a labels of the training example . For example , the first training 
confidence that a particular candidate object fits in the example has a family similarity greater than 0.8 , and thus the 
virtual environment . To train machine learning model 520 , residual value R , for such training example is assigned to the 
each temporary virtual object is selected , in turn , as a 65 leaf in the decision tree reflecting such feature , and each of 
candidate object . The remaining temporary objects and the the residuals is similarly assigned to leaves corresponding to 
persistent virtual objects are fed into machine learning mode the features scores of the respective training examples . 
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Output values for each of the leaves in the tree may then be fits into the virtual environment that includes the list of 
calculated ( e.g. , using the following formula : persistent virtual objects and the list of temporary virtual 

objects . 
Machine learning model 520 calculates a confidence for 

Output Value ( Leaf ; ) = ( Eq . 2 ) 5 each input candidate object . The candidate object having the 
Residual ; highest confidence is then selected and transmitted 532 to 

x ( 1 – Previous Probability ) virtual environment generation circuitry 506 , which incor Previous Probability ; porates the selected candidate object into the virtual envi 
ronment . Virtual environment generation circuitry 506 trans 

To obtain a new prediction for the model , the initial leaf mits 534 the virtual environment frame or frames containing 
is combined with the decision tree . For example , the initial the candidate object comprising the supplemental content to 
logarithm of the odds ( e.g. , 0 ) is added to a learning rate output circuitry 510 , where it is transmitted for display . 
coefficient ( e.g. , 0.1 ) which is used to scale the output value If no candidate object has a confidence level above a 
of the tree , which for the first training example yields a value threshold value , then no candidate objects are inserted . 
of 0.2 . Such value is input to the logistic function to obtain Control circuitry 504 may then wait a predefined period of 
a predicted probability , such as 0.55 , and the predicted time , such as five minutes , before again attempting to insert 
probabilities for the remaining training examples are com- supplemental content . Alternatively , control circuitry 504 
puted . may monitor the list of persistent virtual objects and tem 

After obtaining the predicted probabilities based on the 20 porary virtual objects and attempt to insert supplemental 
first tree , machine learning model 520 may sequentially content only when the lists of objects have changed by a 
construct a series of other decision trees including ( e.g. , threshold amount . For example , if two objects have been 
based on similar or different parameters , such as based on a removed from the list of temporary objects and one new 
species parameters and genus overlap parameters ) . The object has been added , control circuitry 504 may determine 
above - described process may then be repeated in order to 25 that there have been three changes to the list of temporary 
obtain residual values for the decision tree , and the output objects , while the threshold amount may be two changes . 
values for each leaf in the decision tree are computed and Thus , control circuitry 504 may again attempt to insert 
added in combination with the output values of the first tree supplemental content . 
to obtain a new predicted value ( e.g. , 0.57 for the first FIG . 6 is a flowchart representing an illustrative process 
training example ) . Such process may be repeated by the 30 600 for inserting a supplemental content item into a virtual 
control circuitry in an iterative process until the parameter of environment using a machine learning model , in accordance 
the maximum number of trees to be constructed is met with some embodiments of the disclosure . Process 600 may 
and / or the residuals become desirably small ( e.g. , until the be implemented on control circuitry 504. In Idit 
model stabilizes ) . In some embodiments , the model utilizes more actions of process 600 may be incorporated into or 
trees having between 8 and 32 leaves , and a probability of 35 combined with one or more actions of any other process or 
0.5 may be a threshold for determining that a training embodiment described herein . 
example constitutes a match . Once the model is trained , the At 602 , control circuitry 504 identifies a first plurality of 
model may be used as to determine whether a candidate persistent virtual objects displayed in a plurality of consecu 
object fits into a virtual environment . Various parameters or tive virtual environment frames . At 604 , control circuitry 
hyperparameters ( e.g. , a value set before the training process 40 504 identifies a second plurality of temporary virtual objects 
begins , such as number of nodes ) may be utilized to evaluate displayed in the plurality of consecutive virtual environment 
and tune the model . For example , early stopping may be frames . These actions may be accomplished using methods 
used to update decision trees to be a better fit with training described above in connection with FIG . 1 . 
data , and model validation techniques such as cross - valida- At 606 , control circuitry 504 selects a first virtual object 
tion may be used to test the model's predictions on new 45 from a first virtual environment frame of the plurality of 
database records that were not used to train the model . virtual environment frames . At 608 , control circuitry 504 
Once the model is trained , candidate objects comprising trains machine learning model 520 to calculate a confidence 

supplemental content may be evaluated for insertion into the value that a candidate virtual object fits into a given virtual 
virtual environment . Control circuitry 504 , using transceiver environment based on an input that includes ( a ) a candidate 
circuitry 522 , transmits 524 a request to supplemental con- 50 object , ( b ) a list of persistent virtual objects in the virtual 
tent database 526 for objects comprising supplemental con- environment , and ( c ) a list of temporary virtual objects in the 
tent . The supplemental content may be any content that may virtual environment . Multiple training examples can be 
be tailored to a specific user based on user profile data or created from the persistent and temporary virtual objects in 
may include advertising information . Transceiver circuitry order to better train machine learning model 520. In addi 
522 may be a network connection such as an Ethernet port , 55 tion , machine learning model 520 may be updated with new 
WiFi module , or any other data connection suitable for training examples in order to ensure that machine learning 
communicating with a remote server . In response to the model 520 accurately predicts the suitability of a given 
request , control circuitry 504 receives 528 , using transceiver candidate object for the current virtual environment . For 
circuitry 522 , at least one supplemental content item from example , new training examples may be generated at pre 
supplemental content database 526. Alternatively or addi- 60 determined intervals , such as five minutes . Alternatively or 
tionally , control circuitry 504 may receive a set of attributes additionally , new training examples may be generated if the 
associated with each supplemental content item . Transceiver list of persistent virtual object or the list of temporary virtual 
circuitry 522 transmits 530 the received supplemental con- objects changes by at least a threshold amount , such as 33 % . 
tent items to machine learning model 520 , where the supple- Machine learning model 520 is trained using a training 
mental content items , or their associated attributes , are input 65 example that predicts that the first virtual object fits into a 
into machine learning model 520 as candidate objects to virtual environment that comprises the first plurality of 
calculate a confidence that each supplemental content item persistent virtual objects and the second plurality of tempo 
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rary virtual objects . This may be accomplished using meth- object is temporary or persistent , control circuitry 504 must 
ods described above in connection with FIGS . 1-5 . determine whether the given virtual object appears in more 

At 610 , control circuitry 504 , using transceiver circuitry than one consecutive virtual environment frame . Thus , in 
522 , retrieves a candidate object comprising supplemental determining whether virtual objects displayed in the virtual 
content for insertion into the virtual environment . The 5 environment are persistent or temporary , control circuitry 
supplemental content may be any type of content that relates 504 may consider several consecutive virtual environment 
to the virtual environment . In some embodiments , the frames . 
supplemental content may be an advertisement . For At 704 , control circuitry 504 initializes a counter variable 
example , the virtual environment may include a road , and N , setting its value to one ; a data set { K } , representing the 
the candidate object be a car . The car object may by a 10 set of virtual objects in the current virtual environment 
particular type of car , such as a Porsche , and may further frame being considered ( i.e. , the Fih virtual environment 
include an animation of a Porsche as though it were driving frame ) ; a data set { P } , representing the set of persistent 
at a high speed . Transceiver circuitry 522 may transmit an virtual objects determined to be displayed in the current 
SOL virtual environment frame being considered ; and a data set 

“ SELECT ” command to supplemental content database 15 { T } , representing the set of temporary virtual objects deter 
526 and receive , in response to the transmitted command , a mined to be displayed in the current virtual environment 
supplemental content item . At 612 , control circuitry 504 frame being considered . 
feeds the candidate object into machine learning model 520 At 706 , control circuitry 504 determines whether F is 
and determines whether the candidate object fits into the equal to one , meaning that the current virtual environment 
virtual environment . If control circuitry 504 determines that 20 frame being considered is the first virtual environment frame 
the candidate object fits into the virtual environment ( “ Yes ” to be considered . If F is equal to one ( “ Yes ” at 706 ) , then , 
at 612 ) , then , at 614 , control circuitry 504 inserts the at 708 , control circuitry 504 sets { P } equal to { K ) , meaning 
candidate object into the virtual environment . For example , that all virtual objects being displayed in the current virtual 
machine learning model 520 may calculate a confidence environment frame are persistent virtual objects . This is 
value of 0.8 for the candidate object , indicating a strong 25 because control circuitry 504 currently has no basis on 
likelihood that the candidate object fits into the virtual which to determine that any particular virtual object of set 
environment . Control circuitry 504 then inserts the candi- { K } is persistent or temporary , as the current virtual envi 
date object into the virtual environment at a location that ronment frame being considered is the first virtual environ 
may be predetermined for placement of supplemental con- ment frame to be considered . Processing then continues at 
tent , or dynamically selected by control circuitry 504 , such 30 step 728 , described below . 
as in a location in the current virtual environment frame If F is not equal to one ( “ No ” at 706 ) , meaning that at least 
where a user will see the supplemental content . one virtual environment frame has already been considered , 

If control circuitry 504 determines that the candidate then , at 710 , control circuitry 504 determines whether the 
object does not fit into the virtual environment ( “ No ” at Nth virtual object of set { K } is currently included in set { P } . 
612 ) , such as if machine learning model 520 calculates a 35 A virtual object in the current virtual environment frame 
confidence value of 0.2 for the candidate object , then , at 616 , ( i.e. , a virtual object of set { K } ) that is also included in set 
control circuitry 504 determines whether additional candi- { P } reinforces that the virtual object is a persistent virtual 
date objects are available . For example , the response from object . However , if the virtual object is not included in set 
supplemental content database 526 may include more than { P } , then the virtual object is , relative to all virtual envi 
one supplemental content item . If additional supplemental 40 ronment frames previously considered , a new virtual object 
content items are available ( “ Yes ” at 616 ) , then processing and is , therefore , a temporary virtual object . Thus , if the Nih 
returns to step 610 , at which control circuitry 504 retrieves virtual object of set { K } is not in set { P } ( “ No ” at 710 ) , then , 
another candidate object to be fed into machine learning at 712 , control circuitry 504 adds the Nth virtual object to set 
model 520. If no additional candidate objects are available { T } , indicating that it is a temporary virtual object . 
( “ No ” at 616 ) , then the process ends . Control circuitry 504 45 After adding the Nih virtual object to { T } , or if the Nih 
may wait a predetermined amount of time , or until the list of virtual object of set { K } is in set { P } ( “ Yes ” at 710 ) , at 714 , 
persistent objects and / or the list of temporary objects has control circuitry 504 determines whether N is equal to the 
sufficiently changed , before again performing process 600 . number of virtual objects in set { K ) , meaning all virtual 
The actions and descriptions of FIG . 6 may be used with objects of set { K } have been processed . If N is not equal to 

any other embodiment of this disclosure . In addition , the 50 the number of virtual objects in set { K } ( “ No ” at 714 ) , then , 
actions and descriptions described in relation to FIG . 6 may at 716 , control circuitry 504 increments the value of N by 
be done in suitable alternative orders or in parallel to further one , and processing returns to step 710 . 
the purposes of this disclosure . If N is equal to the number of virtual objects in set { K } 

FIG . 7 is a flowchart representing an illustrative process ( “ Yes ” at 714 ) , then , at 718 , control circuitry 504 initializes 
700 for identifying persistent virtual objects ( as described 55 a counter variable M , setting its value to one , and a variable 
above in connection with step 602 of FIG . 6 ) and temporary J representing the total number of virtual objects in set { P } . 
virtual objects ( as described above in connection with step At 720 , control circuitry 504 determines whether the Mºh 
604 of FIG . 6 ) , in accordance with some embodiments of the virtual object of set { P } is included in set { K } . A virtual 
disclosure . Process 700 may be implemented on control object that is included in set { P } , meaning that it was 
circuitry 504. In addition , one or more actions of process 700 60 previously determined to be a persistent virtual object , that 
may be incorporated into or combined with one or more is not included in set { K } , meaning that it is no longer being 
actions of any other process or embodiment described displayed , means that the virtual object is not a persistent 
herein . virtual object , but rather , a temporary virtual object . Thus , if 

At 702 , control circuitry 504 initializes a counter variable control circuitry 504 determines that the Mth virtual object in 
F , setting its value to one , and a variable T representing the 65 set { P } is not included in set { K } , ( “ No ” at 720 ) , then , at 
number of consecutive virtual environment frames to con- 722 , control circuitry 504 moves the Mtih virtual object from 
sider . For example , to determine whether a given virtual set { P } to set { T } . 
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After moving the Mih virtual object from set { P } to set determines whether N is equal to T , meaning that all 
{ T } , or if the Mih virtual object is included in set { K } ( " Yes " supplemental content items have been processed . If N is not 
at 720 ) , meaning that the Mih virtual object is still being equal to T ( “ No ” at 812 ) , then , at 814 , control circuitry 504 
displayed and is therefore still considered a persistent virtual increments the value of N by one , and processing returns to 
object , processing continues at step 724. At 724 , control 5 step 808. If N is equal to T ( “ Yes ” at 812 ) , then the process 
circuitry 504 determines whether M is equal to J , meaning ends . The supplemental content items selected as candidates 
that all virtual objects in set { P } have been processed to at 810 can then be fed into machine learning model 520 to 
determine if they are still considered persistent virtual determine if any of the candidates fit into the virtual envi 
objects . If M is not equal to J ( “ No ” at 724 ) , meaning there ronment . 
are additional virtual objects in set { P } to process , then , at 10 The actions and descriptions of FIG . 8 may be used with 
726 , control circuitry 504 increments the value of M by one , any other embodiment of this disclosure . In addition , the 
and processing returns to step 720. If M is equal to J ( “ Yes ” actions and descriptions described in relation to FIG . 8 may 
at 724 ) or after setting { P } equal to { K } during processing be done in suitable alternative orders or in parallel to further 
of the first consecutive virtual environment frame , at 728 , the purposes of this disclosure . 
control circuitry 504 determines whether F is equal to T. If 15 FIG . 9 is a flowchart representing a second illustrative 
F is not equal to T , meaning that there are additional virtual process 900 for selecting a supplemental content item as a 
environment frames to consider , then , at 730 , control cir- candidate for insertion into a virtual environment , in accor 
cuitry 504 increments the value of F by one , and processing dance with some embodiments of the disclosure . Process 
returns to step 704. If F is equal to T , meaning that all 900 may be implemented on control circuitry 504. In addi 
consecutive virtual environment frames have been consid- 20 tion , one or more actions of process 900 may be incorpo 
ered , then the process ends . rated into or combined with one or more actions of any other 

The actions and descriptions of FIG . 7 may be used with process or embodiment described herein . 
any other embodiment of this disclosure . In addition , the At 902 , control circuitry 504 identifies a plurality of 
actions and descriptions described in relation to FIG . 7 may available virtual objects . For example , the virtual environ 
be done in suitable alternative orders or in parallel to further 25 ment may have of a predefined set of virtual objects that can 
the purposes of this disclosure . be displayed therein . At 904 , control circuitry 504 initializes 

FIG . 8 is a flowchart representing a first illustrative a counter variable N , setting its value to one , and a variable 
process 800 for selecting a supplemental content item as a T representing the number of available virtual objects . At 
candidate for insertion into a virtual environment , in accor- 906 , control circuitry 504 determines a time at which the Nth 
dance with some embodiments of the disclosure . Process 30 available virtual object was previously displayed in the 
800 may be implemented on control circuitry 504. In addi- virtual environment . For example , a temporary virtual object 
tion , one or more actions of process 800 may be incorpo- may have last been displayed in the virtual environment 
rated into or combined with one or more actions of any other thirty seconds ago , one minute ago , five minutes ago , or any 
process or embodiment described herein . amount of time between the current time and the time at 

At 802 , control circuitry 504 accesses a database of 35 which display of the virtual environment began . At 908 , 
supplemental content items , each supplemental content item control circuitry 504 determines a weight for the Nth avail 
having at least one attribute . For example , control circuitry able virtual object based on the time at which the Nih 
504 , using transceiver circuitry 522 , may access supplemen- available virtual object was previously displayed . The 
tal content database 526 and retrieve supplemental content weight assigned to the Nih object increases as the time at 
items . Each supplemental content item may have attributes 40 which the Nth available virtual object was last displayed 
similar to those of persistent and temporary virtual objects approaches the current time . In other words , the more 
displayed in the virtual environment as described above in recently a virtual object was displayed , the more likely it is 
connection with FIG . 3. At 804 , control circuitry 504 iden- that the object or a similar object ( e.g. , a supplemental 
tifies a plurality of object attributes of each persistent virtual content item ) would fit into the virtual environment . The 
object and each temporary virtual object displayed in the 45 weight of each virtual object may be used in training 
virtual environment , or in a set of consecutive virtual examples as well , whereby the target confidence level for a 
environment frames . For example , processes described candidate object is proportional to the weight assigned to 
above in connection with FIG . 7 may be used to identify that object . At 910 , control circuitry 504 determines whether 
persistent virtual objects and temporary virtual objects in the N is equal to T , meaning that all available virtual objects 
virtual environment . Each virtual object may have associ- 50 have been processed . If N is not equal to T ( “ No ” at 910 ) , 
ated attributes that are separately retrievable by control then , at 912 , control circuitry 504 increments the value of N 
circuitry 504 or can be extracted from virtual environment by one , and processing returns to step 906. If N is equal to 
data . T ( “ Yes ” at 910 ) , then , at 914 , control circuitry 504 selects 
At 806 , control circuitry 504 initializes a counter variable a supplemental content item having at least one content 

N , setting its value to one , and a variable T representing the 55 attribute matching the available virtual object having the 
number of supplemental content items in the supplemental highest weight as a candidate for insertion . The candidate 
content database . At 808 , control circuitry 504 determines object can then be fed into machine learning model 520 to 
whether at least one content attribute of the Nth supplemental determine whether the candidate object fits into the virtual 
content item matches at least one object attribute of the environment . 
plurality of object attributes of the persistent and temporary 60 The actions and descriptions of FIG . 9 may be used with 
virtual objects . If so ( “ Yes ” at 808 ) , then , at 810 , control any other embodiment of this disclosure . In addition , the 
circuitry 504 selects the Nth supplemental content item from actions and descriptions described in relation to FIG . 9 may 
the database as a candidate for insertion into the virtual be done in suitable alternative orders or in parallel to further 
environment . After selecting the Nih object as a candidate for the purposes of this disclosure . 
insertion , or if no content attributes of the Nth supplemental 65 The processes described above are intended to be illus 
content item match any object attributes of the plurality of trative and not limiting . One skilled in the art would appre 
object attributes ( “ No ” at 808 ) , at 812 , control circuitry 504 ciate that the steps of the processes discussed herein may be 
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omitted , modified , combined , and / or rearranged , and any object of the third plurality of virtual objects as a 
additional steps may be performed without departing from temporary virtual object ; and 
the scope of the invention . More generally , the above in response to determining that the third plurality of 
disclosure is meant to be exemplary and not limiting . Only virtual objects does not include a persistent virtual 
the claims that follow are meant to set bounds as to what the 5 object of the plurality of persistent virtual objects , 
present invention includes . Furthermore , it should be noted reidentifying the respective persistent virtual object 
that the features and limitations described in any one as a temporary virtual object . 
embodiment may be applied to any other embodiment 3. The method of claim 1 , wherein a virtual environment 
herein , and flowcharts or examples relating to one embodi- frame comprises all virtual objects in a field of view on a 
ment may be combined with any other embodiment in a 10 display on which the virtual environment in generated . 
suitable manner , done in different orders , or done in parallel . 4. The method of claim 1 , wherein each persistent virtual 
In addition , the systems and methods described herein may object of the first plurality of persistent virtual objects 
be performed in real time . It should also be noted that the comprises object attributes that describe the respective per 
systems and / or methods described above may be applied to , sistent virtual object , and wherein each temporary virtual 
or used in accordance with , other systems and / or methods . 15 object of the second plurality of temporary virtual objects 

comprises object attributes that describe the respective tem 
What is claimed is : porary virtual object . 
1. A method for inserting supplemental content into a 5. The method of claim 4 , wherein retrieving a candidate 

three - dimensional virtual environment , the method compris- object comprising supplemental content for insertion into 
ing : 20 the virtual environment comprises : 

identifying a first plurality of persistent virtual objects accessing a database of supplemental content items , each 
displayed in a plurality of consecutive virtual environ supplemental content item having at least one content 
ment frames ; attribute ; 

identifying a second plurality of temporary virtual objects identifying a plurality of object attributes of each persis 
displayed in the plurality of consecutive virtual envi- 25 tent virtual object of the first plurality of persistent 
ronment frames ; virtual objections and each temporary virtual object of 

selecting a first virtual object from a first virtual environ the second plurality of temporary virtual objects ; 
ment frame of the plurality of consecutive virtual determining whether the at least one content attribute of 
environment frames ; a supplemental content item matches at least one object 

training a machine learning model to calculate a confi- 30 attribute of the plurality of object attributes ; and 
dence value that a candidate virtual object fits into a in response to determining that the at least one content 
given virtual environment based on an input that attribute of the supplemental content item matches at 
includes ( a ) the candidate virtual object , ( b ) a list of least one object attribute of the plurality of object 
persistent virtual objects in the virtual environment , attributes , selecting the supplemental content item as a 
and ( c ) a list of temporary virtual objects in the virtual 35 candidate for insertion . 
environment , wherein the machine learning model is 6. The method of claim 4 , further comprising : 
trained using a training example that predicts that the maintaining a list of virtual objects displayed from a first 
first virtual object fits into a virtual environment that time to a current time ; 
comprises the first plurality of persistent virtual objects wherein retrieving a candidate object comprising supple 
and the second plurality of temporary virtual objects ; 40 mental content for insertion into the virtual environ 

retrieving a candidate object comprising supplemental ment comprises retrieving a candidate object having a 
content for insertion into the virtual environment ; content attribute that matches at least one object attri 

determining , using the machine learning model , whether bute of a virtual object in the list . 
the candidate object fits into the virtual environment ; 7. The method of claim 1 , wherein retrieving a candidate 
and 45 object comprising supplemental content for insertion into 

in response to determining that the candidate object fits in the virtual environment comprises : 
the virtual environment , inserting the candidate object identifying a plurality of available virtual objects ; 
into the virtual environment . determining , for each available virtual object of the plu 

2. The method of claim 1 , wherein identifying the first rality of virtual objects , a time at which the respective 
plurality of persistent virtual objects displayed in a plurality 50 available virtual object was previously displayed in the 
of consecutive virtual environment frames and identifying a virtual environment ; 
second plurality of temporary virtual objects displayed in the determining , for each available virtual object of the plu 
plurality of consecutive virtual environment frames com rality of available virtual objects , a weight for the 
prises : respective available virtual object based on the time at 

identifying as the first plurality of persistent virtual 55 which the respective available virtual object was pre 
objects all virtual objects displayed in a first virtual viously displayed ; and 
environment frame of the plurality of consecutive vir- selecting a candidate object having at least one content 
tual environment frames ; and attribute matching the available virtual object having a 

for each other virtual environment frame of the plurality highest weight . 
of consecutive virtual environment frames : 8. The method of claim 1 , wherein the candidate object 
comparing the first plurality of persistent virtual objects comprises a three - dimensional object . 

with a third plurality of virtual objects displayed in 9. A system for inserting supplemental content into a 
the respective virtual environment frame ; three - dimensional virtual environment , the system compris 

in response to determining , based on the comparing , ing : 
that the first plurality of persistent virtual objects 65 output circuitry configured to drive display of a virtual 
does not include a virtual object of the third plurality environment ; and 
of virtual objects , identifying the respective virtual control circuitry configured to : 

60 



? 

a 

US 11,250,634 B1 
17 18 

identify a first plurality of persistent virtual objects 12. The system of claim 9 , wherein each persistent virtual 
displayed in a plurality of consecutive virtual envi- object of the first plurality of persistent virtual objects 
ronment frames ; comprises object attributes that describe the respective per 

identify a second plurality of temporary virtual objects sistent virtual object , and wherein each temporary virtual 
displayed in the plurality of consecutive virtual envi- 5 object of the second plurality of temporary virtual objects 
ronment frames ; comprises object attributes that describe the respective tem 

select a first virtual object from a first virtual environ porary virtual object . ment frame of the plurality of consecutive virtual 13. The system of claim 12 , wherein the control circuitry 
environment frames ; configured to retrieve a candidate object comprising supple train a machine learning model to calculate a confi- 10 mental content for insertion into the virtual environment is dence value that a candidate virtual object fits into a further configured to : given virtual environment based on an input that 
includes ( a ) the candidate virtual object , ( b ) a list of access a database of supplemental content items , each 
persistent virtual objects in the virtual environment , supplemental content item having at least one content 
and ( c ) a list of temporary virtual objects in the 15 attribute ; 
virtual environment , wherein the machine learning identify a plurality of object attributes of each persistent 
model is trained using a training example that pre virtual object of the first plurality of persistent virtual 
dicts that the first virtual object fits into a virtual objections and each temporary virtual object of the 
environment that comprises the first plurality of second plurality of temporary virtual objects ; 
persistent virtual objects and the second plurality of 20 determine whether the at least one content attribute of a 
temporary virtual objects ; supplemental content item matches at least one object 

retrieve a candidate object comprising supplemental attribute of the plurality of object attributes ; and 
content for insertion into the virtual environment ; in response to determining that the at least one content 

determine , using the machine learning model , whether attribute of the supplemental content item matches at 
the candidate object fits into the virtual environment ; 25 least one object attribute of the plurality of object 
and attributes , select the supplemental content item as a 

in response to determining that the candidate object fits candidate for insertion . 
in the virtual environment , insert the candidate 14. The system of claim 12 , wherein the control circuitry object into the virtual environment . is further configured to : 10. The system of claim 9 , wherein the control circuitry 30 maintain a list of virtual objects displayed from a first time configured to identify the first plurality of persistent virtual to a current time ; objects displayed in a plurality of consecutive virtual envi 

ronment frames and to identify a second plurality of tem wherein the control circuitry configured to retrieve a 
porary virtual objects displayed in the plurality of consecu candidate object comprising supplemental content for 
tive virtual environment frames is further configured to : insertion into the virtual environment is further config 

identify as the first plurality of persistent virtual objects ured to retrieve a candidate object having a content 
all virtual objects displayed in a first virtual environ attribute that matches at least one object attribute of a 
ment frame of the plurality of consecutive virtual virtual object in the list . 
environment frames ; and 15. The system of claim 9 , wherein the control circuitry 

for each other virtual environment frame of the plurality 40 configured to retrieve a candidate object comprising supple 
of consecutive virtual environment frames : mental content for insertion into the virtual environment is 

further configured to : compare the first plurality of persistent virtual objects 
with a third plurality of virtual objects displayed in identify a plurality of available virtual objects ; 
the respective virtual environment frame ; determine , for each available virtual object of the plurality 

in response to determining , based on the comparing , that 45 of virtual objects , a time at which the respective avail 
the first plurality of persistent virtual objects does not able virtual object was previously displayed in the 

virtual environment ; include a virtual object of the third plurality of virtual 
objects , identify the respective virtual object of the determine , for each available virtual object of the plurality 
third plurality of virtual objects as a temporary virtual of available virtual objects , a weight for the respective 
object ; and available virtual object based on the time at which the 
in response to determining that the third plurality of respective available virtual object was previously dis 

virtual objects does not include a persistent virtual played ; and 
object of the plurality of persistent virtual objects , select a candidate object having at least one content 
reidentify the respective persistent virtual object as a attribute matching the available virtual object having a 

highest weight . temporary virtual object . 
11. The system of claim 9 , wherein a virtual environment 16. The system of claim 9 , wherein the candidate object 

frame comprises all virtual objects in a field of view on a comprises a three - dimensional object . 
display on which the virtual environment in generated . 
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